Deep sequencing has become a popular tool for novel miRNA detection but its data must be viewed carefully as the state of the field is still undeveloped. Using three different programs, miRDeep (v1, 2), miRanalyzer and DSAP, we have analyzed seven data sets (six biological and one simulated) to provide a critical evaluation of the programs performance. We selected these software based on their popularity and overall approach toward the detection of novel and known miRNAs using deep-sequencing data. The program comparisons suggest that, despite differing stringency levels they all identify a similar set of known and novel predictions. Comparisons between the first and second version of miRDeep suggest that the stringency level of each of these programs may, in fact, be a result of the algorithm used to map the reads to the target. Different stringency levels are likely to affect the number of possible novel candidates for functional verification, causing undue strain on resources and time. With that in mind, we propose that an intersection across multiple programs be taken, especially if considering novel candidates that will be targeted for additional analysis. Using this approach, we identify and performed initial validation of 12 novel predictions in our in-house data with real-time PCR, six of which have been previously unreported.
INTRODUCTION
Without question, the discovery of miRNA has reshaped our appreciation of gene regulation. This class of non-coding RNA (ncRNA) is no longer viewed as 'junk', but rather as vital and active participants in human disease and physiology [1] [2] [3] [4] [5] . Previous approaches to identify novel miRNAs through computational prediction and experimental analysis have focused largely on the classic biogenesis pathway where the precursor and the mature sequences play the largest role [6] [7] [8] [9] [10] [11] [12] . These methods vary in terms of throughput, the amount of resources needed and the false-positive rate. Computational approaches, in particular, are characterized by a high false-positive rate, largely due to a heavy reliance on machine learning techniques [1, [13] [14] [15] [16] . Deep sequencing presents a viable alternative to previous attempts, but it can be problematic in terms of data Vernell Williamson is a PhD student in Integrative Life Sciences at Virginia Commonwealth University. Her research interests include detection of novel miRNA and integration of large data sets. Albert Kim received his PhD in June, 2011 from Virginia Commonwealth University. He is currently finishing his medical training with the same university. Bin Xie is affiliated with the division of Genomics, Epigenomics and Bioinformatics, Lieber Institute for Brain Development, Baltimore, Maryland, USA. Omari McMichael is a laboratory specialist at the Virginia Institute of Psychiatric and Behavioral Genetics. Yuan Gao is affiliated with Division of Genomics, Epigenomics, and Bioinformatics, Lieber Institute for Brain Development, Baltimore, Maryland, USA. VladimirVladimirov is an assistant professor affiliated with Virginia Institute for Psychiatric and Behavioral Genetics and School of Pharmacy at Virginia Commonwealth University. His research interests include studying miRNA, gene expression and epigenetics of psychiatric disorders. generation and specialized skills required to adequately analyze and interpret data. Researchers interested in using deep-sequencing techniques for miRNA discovery are often confronted with a collection of bioinformatic algorithms and approaches with very little information on software comparability and performance. Here, we review three programs, which use three different approaches for miRNA detection in deep-sequencing data. We use experimental and simulated data to highlight some of their features and characteristics. The programs profiled, in this article, were chosen on the basis of their popularity as evidenced by number of citations and uniqueness of approach. In addition, we also compare two versions of miRDeep software which is the most popular program for miRNA discovery in use today and in fact, two other detection programs (miRTools and miReNA) have also incorporated miRDeep as a component of their process [33] . A list of additional available software can be found in Table 1 . The cell lines used in this study were randomly chosen and represent cells that might otherwise be regularly employed in any lab studying miRNA expression and disease. All data sets were generated by the same platform (Illumina), following the same sequencing format. The only difference between the data sets profiled in this article is their cell type and lab of origin. These data sets were used as an illustration of how the programs might perform given differing experimental conditions and cell types. The output of each of these programs was compared to determine consistency across algorithms, whereas inclusion of the simulated data set was used to assess each program's overall specificity and sensitivity.
METHODS

Different types of RNAseq software
The basic steps behind the analysis of any deepsequencing data with regard to miRNA prediction can be summarized in three stages: (i) initial mapping of the read; (ii) expansion of the mapped locus to include flanking sequences; and (iii) evaluation of the expanded sequence on the basis of negative free energy and structure. Each stage in the process ultimately affects the final result, with perhaps the first being the most crucial of all. The programs available today vary in terms on the amount of user control over parameters and input and how they address each of these three stages [17, [20] [21] [22] [23] [24] (Table 2) .
miRDeep (v1, v2) is a program that predicts the presence of miRNA from deep-sequencing data using Bayesian probabilities framed on the classic steps of miRNA biogenesis [17] [18] [19] . The pipeline first compares the reads to a target genome, and then evaluates the read's suitability on a thermodynamic scale. The algorithm assumes that if a read is related to miRNA, then it must either be a portion of a star, a loop sequence or a mature sequence. The read must demonstrate characteristics similar to already annotated examples, e.g. definite evidence of a present 2 nt 3 0 overhang. Also, miRDeep makes the assumption that because mature sequences tend to be more abundant in the cell than any other miRNA-related sequence, reads which conform structurally to 'mature sequences' will likewise be the most abundant in the data file. If a read meets structural criteria for being considered a mature sequence, and is found to be frequently represented in the data file it receives a higher score than those that are less frequently found. miRDeep employs a flexible format, accommodating data generated by a 454 Life Sciences/Roche or an Illumina/Solexa sequencer [17] . Version 1 of miRDeep allows the user to control the mapping algorithm and the program choice for evaluation of free energy. Version 2 of miRDeep incorporates Bowtie and Randfold for these tasks [18, 19] . A key addition to the second version 2 of miRDeep has been the consideration of species conservation, e.g. a second set of miRNA from a closely related species is required to be included in the prediction process [20, 21] . miRanalyzer is based on a random forest classifier and uses support vector machine (SVM) mechanics derived from experimental data to make its predictions [22, 23] . Version one of this software functioned as a web-based tool; version two now is available in a web-based and executable form. One benefit of using web-based applications is that they allow the user to analyze their results without having access to a large amount of computer resources. The first version of the software targeted seven model species (human, mouse, rat, fruit-fly, round worm, zebra fish and dog); newer versions of the program have incorporated plant genomes and predictions based on plant models [22, 23] . Like miRDeep2, miRanalyzer uses the program Bowtie to map input reads to the target genome. Apart from specifying the number of allowable mismatches, and the acceptable P level for a credible prediction, the user, however, is restricted from any other major changes in the algorithm.
The current version of deep-sequencing small RNA analysis pipeline (DSAP) differs from miRDeep or miRanalyzer in that it does not require a target genome; reads are, instead, clustered into unique groups and mapped onto the existing RNA families database (e.g. RFAM) and miRNA databases to determine status [24] . By eliminating the target genome, the program improves processing speeds considerably when compared with miRanalyzer and miRDeep; it is, however, restricted in its use by only being able to predict known miRNA signatures. Also, DSAP uses a different mapping algorithm, Supermatcher from the EMBOSS tool kit to increase processing speed [25] .
Data sets used
Two types of data sets (experimental and simulated) were used in comparing the software performance of miRDeep, miRanalyzer and DSAP. The first experimental data set, derived from an in-house deepsequencing experiment profiled a neuroblastoma cell line (NB; ATCC: crl-2271) The remaining experimental data sets representing a peripheral mononuclear blood cell line (PMBC), a chronic myelogenous leukemia cell line (K562), acute promyelogenous leukemia cell line (HL60) and a breast cancer cell line, respectively [26, 34] , were downloaded from Geo Omnibus (GSM 494809, 494810, 494811, 494812, 715665) and pre-cleaned of [35] . The parameters used by Flux Simulator to create the simulation can be found in Table 3 . In addition, 100 known miRNAs (mirBase v16) were selected to 'spike in' the simulation at a prevalence of 0.1% in order to provide a metric against which ROC curve could be built [27] . Only miRNAs which did not cluster together were selected in order to minimize the statistics inflation resulting from detecting miRNAs with similar sequence characteristics, e.g. from the same family. The ROC curve was based on the ability of each program to correctly identify these 'spiked in' examples as miRNA candidates.
In comparing the results from each prediction data set, we chose to work with only those reads that mapped perfectly to a specific locus (PM) and those reads with only one base mismatch (MM), hopefully reducing the potential noise created by sequencing error. Known miRNAs were assessed in miRDeep (v1, 2), miRanalyzer and DSAP only. DSAP does not generate novel predictions and so could only be compared with miRDeep and miRanalyzer in terms of the known miRNA prediction [24] . Novel predictions which overlapped between miRDeep v1, 2 and miRanalyzer were experimentally validated using real-time PCR.
RESULTS
Uniquely mapped reads used to make predictions
When the percentage of reads used by each most current program in all data sets was compared, DSAP and miRanalyzer appeared to retain the highest percentage ( Figure 1) . In contrast, surprisingly, miRDeep v2 appeared on average to utilize only 20 % of its reads. This difference in the numbers of reads used was undoubtedly a result of the mapping algorithms applied by the respective programs and the lack of a target genome used by DSAP. The difference between miRanalyzer and miRDeep v2 may have been due to differences in parameters used to drive Bowtie. Under certain circumstances, a higher percentage of mapped reads may be preferable to the user as it indicates a larger portion of the available information utilized by the program.
Numbers of known miRNAs and novel candidate predictions
After adjusting for the prediction size, software comparison between miRDeep, miRDeep2, miRanalyzer and DSAP showed a > 80% similarity of known miRNAs in each of the six biological data sets ( Figure 2 ). In all cases, except the neuroblastoma data set and the simulated data set, miRDeep 2 generated slightly higher numbers of known miRNAs and the additional miRNAs identified were most often a miRNA from the same family and/or precursor sequence. In the case of the novel miRNA candidates, however, there was a lower percent overlap in the predictions; particularly, between miRAnalyzer and miRDeep/miRDeep2 suggesting that perhaps in comparison to miRDeep, miRAnalyzer is better suited to detect low-expressed candidates (Figure 3 ). As abundance is linked to detection in the miRDeep algorithm, novel candidates represented by low abundant reads may be excluded [36] .
Differences in length of hairpin
Distinct differences were noted when the predicted novel miRNAs from miRanalyzer and miRDeep were compared in the data sets. On the whole, reflective of algorithm differences, the average hairpin length predicted by miRanalyzer was 20 bases longer than that of miRDeep. In both programs, hairpin length is set as an arbitrary number of bases flanking the mature sequence which may be acceptable as hairpin length has been proven to be quite variable in both plants and animals [20] [21] [22] [23] . In contrast, the length of the mature sequences varied little when each of the three data sets was analyzed with miRDeep, miRanalyzer and DSAP. This is unsurprising as the determination of the mature miRNA is based on the detected read. Curiously enough, though, we did observe variability in the 3 0 end (3 nt) of the mature sequences in the neuroblastoma data set when it was analyzed by miRDeep v1. This variability has not been seen in the miRNAs generated by miRDeepv2 and may have been unique to the software edition.
ROC curves for simulated data set
A non-redundant data set containing 733 494 reads was evaluated with miRDeep, miRDeep2, miRanalyzer and DSAP on the basis of their ability to correctly identify 100 known miRNAs that was Detecting miRNAs in deep-sequencing data page 5 of 10 'spiked in' randomly at a prevalence of 0.1%. Whether a prediction could be termed true or false was based on: (i) being predicted as miRNA and (ii) being mapped to the correct location. The ROC curves generated for the simulated data set showed miRDeep/miRDeep2 to demonstrate slightly better levels of specificity than miRanalyzer and DSAP. Based on the simulation data, accuracy levels for each test were calculated at 80.4 and 75.4% for miRDeep and miRDeep2, respectively. The accuracy level for miRanalyzer was 68.3% and the accuracy level for DSAP was 67.3% 9 (Figure 4 ).
Experimental validation of overlapping novel predictions
To determine how effective the programs were at identifying novel miRNAs, we chose predictions that overlapped in each of the four programs from our neuroblastoma data set and validated the presence of these novel miRNAs with Taqman RT-PCR. Of the 16 that were identified as overlapping, 12 novel miRNAs were validated successfully. Six of these 12 novel miRNAs validated by us, however, have been since reported by other researchers. In comparing the Cq values of this group to ours, we noticed that in our sample the Cq values were in fact much lower. The differences may be reflective of cell line differences as these six previously reported miRNA were first identified in fibroblasts.
We also attempted to validate the precursor sequence associated with each predicted novel miRNA to determine the accuracy with which each program could predict precursor sequences. We tested both the precursors generated by miRanalyzer and miRDeep of the remaining six novel miRNAs and only two generated by miRDeep were verified (prd-mir-7, prd-mir-14). The hairpins predicted by miRDeep and miRanalyzer in many cases were discontinuous representations of each other. The predicted hairpin size varied when compared between miRanalyzer and miRDeep and this variability undoubtedly impacted our ability to verify efficiently the novel precursor predictions using Taqman assays. Also, curiously enough, in the six novel miRNAs identified in our study but annotated by others, the coordinates of the respective precursors predicted by miRDeep/miRanalyzer and the annotated coordinates differed by over 35 000 bases. This discrepancy may have been due to cross mapping events, or more likely, is evidence of inaccurate precursor prediction [27, 28] .
The Cq values in Table 4 suggest that the novel miRNA identified by this study are expressed at low levels, and therefore more difficult to detect by more traditional methods. The low expression level of these novel candidates is unsurprising. Given the amount of work that has been devoted toward the detection and identification of novel miRNA candidates in the last few years, it is unlikely that any new highly expressed candidates will be found.
DISCUSSION
At first, we intended to use the additional programs (DSAP, miRanalyzer) to validate predictions generated by miRDeep; however, in comparing the output, we realized that the software dramatically affects the number and quality of predictions generated. Several conceptual questions arose from our comparison, particularly with regard to the determination of the hairpin sequence and the mapping algorithm used by each program. It has been suggested that certain programs vary in terms of their mapping accuracy of short reads (<35 bases) [31] .
The size of the target as well as its apparent degree of complexity both are likely to impact the differences in miRNA prediction through the intermediate effect of mapped reads [31] . Mapping programs, such as Bowtie, have been cited to randomly assign reads to incorrect locations if there is ambiguity [31] . Each of the three programs employed a different approach to mapping which may account for the differences in stringency. The effect of mapping technique can clearly be seen when miRDeep v1 is compared with miRDeep2 ( Figure 5 ). When broken down into separate tasks, the amount of time spent by miRDeepv1 to map the reads to the target genome was 20% longer than that of miRDeep2. Further, phenomena such as cross mapping can serve to confuse the mapping of the read to the precursor [29, 30] .
Until now, it has been difficult to compare the performance of these programs because of the lack of available data sets. We have not had the opportunity to observe the effect that mapping algorithm might have on miRNA prediction. Now, there are enough data sets available for software testing, the tools with which we analyze these data sets can be refined even further and perfected. The choice of Bowtie was undoubtedly due to practical considerations; use of Bowtie does, in fact, speed up the process of analysis. On average, miRDeepv1 took three times as long to complete its analysis (10.5 h) compared with that of miRDeep2 (2.87 h) on a T5500 Dell workstation running Ubuntu 12.04 (Table 5; Figure 5 ). Also, web-based applications, such as DSAP and miRanalyzer, are difficult to benchmark as one's data is usually placed in a compute queue. The ability to facilitate increased speed may not always be advantageous as incorrect mapping may lead to increased false-positives findings.
Given the time and cost involved in validating predicted miRNA, however, it is prudent to use a consensus approach to miRNA prediction with an intersection of the mapping results from a number of different programs rather than results from one single program. An iterative-mapping profile could be generated from multiple programs that would enable the user to identify the reads that map to multiple locations and also those regions of the target genome that might be pre-disposed toward such activity. Reads with high-quality base scores throughout that map to the same single location regardless of program could then be carried forward to predict miRNAs. An additional step that might be useful to consider is the accuracy of the reference genome itself in relation to the reads which are being mapped. Reference genomes, by virtue of their composition, vary considerably both in terms of quality and base accuracy [28] .
Both miRDeep and miRanalyzer rely on a reference genome and generally exclude reads that do not map cleanly to the reference genome (less than two base mismatches). Base inaccuracies in the reference genome might inadvertently cause reads to be excluded by the software or worse yet, to be incorrectly mapped altogether. We suggest that algorithms such as employed by the program iCorn could effectively be implemented in the mapping process to increase the amount of potential information garnered in the analysis process. iCorn iteratively maps reads to the target genome, adjusting the sequence of the target genome if the mismatch is caused by a base with a good quality score and that the adjustment/ read mapping would increase overall coverage [32] .
To the best of our knowledge, none of the programs discussed in this article address the overall accuracy of the reference sequence used, and indeed, we ourselves did not take this into account when doing our analysis. Here, we only suggest this additional step as a way to further improve the accuracy of the mapping process. One area in which miRDeep and miRanalyzer both demonstrate apparent weakness is lack of specificity to detect the precursor sequence. When examining the novel miRNAs predicted by miRDeep and miRanalyzer, we detected two instances where precursors were predicted poorly in relation to the mature sequence. In the first, novel predictions that overlapped between miRanalyzer and miRDeep demonstrated discontinuous precursors. Each predicted precursor shared the mapped read but the boundaries of the predicted precursor varied. In the second instance, six novel miRNA candidates which had already been detected by other authors were predicted to map to loci entirely different from previously reported. It is apparent that additional information is needed with respect to the precursor sequence itself before acceptable prediction parameters can be employed in detection software. Actual hairpin length varies from 60 to 120 nt in annotated examples. The current miRNA-based deep-sequencing methodology focuses solely on the mature sequence and the precursor prediction is generally a theoretical extraction based on the information provided by the mapped read. We recommend that more methods both experimental (deep-sequencing data generation) and computational (addressing precursor sequence motifs and folding) need be devised to resolve the apparent discrepancy in detection of miRNA precursors [31] .
CONCLUSION
Deep sequencing does pose considerable computational and analytical challenges that must be overcome before it can become a fully realized form of analysis in miRNA research. Apart from the technical issues raised by different platforms, researchers also must be aware of the impact that their choice of the program might have on their analysis. We believe that, for the moment, miRDeep represents the best solution for researchers looking for novel candidates to pursue as its stringency level reduces the number of false-positive generated. Therefore, careful consideration of deep sequencing results is vital both with respect to the mature as well as the hairpin sequences. A large research effort, until now, has been predominantly devoted to detection of miRNA mature sequences, but not enough effort has been devoted to detection of their intermediate precursor forms. Added experimental information regarding the intermediate precursor can serve to help refine the detection process. The amount of information generated through these initial studies is now of sufficient size that a correct assessment can be made of the techniques used to generate it.
A limitation of our study is indeed the number of data sets studied and the number of programs compared, but, nevertheless, it does suggest that caution is necessary when using this type of sequencing for miRNA prediction.
Key Points
A number of programs are now available that can be used to predict miRNAs from RNAseq data sets. These programs vary in terms of the resources/skill needed to implement successfully. A comparison of three programs suggests that although similar groups are predicted, the programs varied in terms of predicted candidates.
Despite an apparent high stringency, miRDeep appears to be the best algorithm for those researchers wishing to pursue novel miRNA for further experimentation as its design allows the researcher to address concerns such as mapping efficiency. 
